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ABSTRACT 



The paper investigates interactions between family size and social class with 
respect to intellectual achievement. One purpose of the paper is to study the 
limits to the applicability of the "Confluence model" proposed by Zajonc and 
Markus; another purpose is to investigate methods for studying interactions 
between variables. The data consists of a longitudinal sample of, 8288 
subjects, which at the age of 13 was given a testbattery ,^^andardized 
achievement tests, and interest inventories. Information also was gathered 
about social background and number of siblings. For investigating 
interactions between social class and sibsize three different analytical 
models are tried'; two multiple regression (MR) models and analysis of 
variance (ANOVA) , These models to different degrees impose constraints on the 
kinds of effects which may be represented. Comparisons between the three 
models indicate that the more constrained the model, the better is the power 
fo|: detecting interaction effects. In those cases, however, when a model only 
pcferly represents the effects in the data, the less constrained models yield 
lower p-values for the test of interactic^n effects. The substantive results 
indicate, among other things, that for most of the outcome variables t>iere is 
an interaction between social class and number of siblings, such that within 
lower social classes sibsize is more strongly negatively correlated with 
outcome variables than in higher social classes. The confluence model 
predicts such a negative relationship between sibsize and intellectual 
outcomes, but it does not allow for relationships of different strength 
within different social classes. As an explanation of the lower explanatory 
power of the confluence model in higher social classes it is suggested .that 
other socializing agencies than the family are more important in higher 
social classes than in lower social classes, thereby to some extent 
offsetting the negative effects on intellectual development of mutual 
influences among siblings in a larger family. 



1 INTRODUCTION'; 



Studies of the effects of family configuration on mental abilities have 
frequently shovm a negative relationship between number of siblings and 
measures of intellectual achievements (e,g Anastasi, 1956; Eysenck & 
Cookson, 1970; Nisbet, 1953). This relationship has been interpreted as 
being a consequence of the more limited opportunities for each child to 
receive intellectual stimulation by the parents in a larger family. 
However, Za'jonc and Markus (1975) proposed a more sophisticated model, 
called the "confluence model", to account for the effects of family size on 
mental ability, as well as for the quite complex effects of birth order 
which have also been found. 

The essence of, the confluence model is that intellectual development within 
the family context is seen as being dependent on the cumulative effects of 
the intellectual environment, which is conceived as an average of the 
siblings' and the parents' intelligence on an absolute scale. With each 
intellectual environment there is an associated growth parameter, and 
whenever the family configuration changes through additions or departures, 
the growth parameter changes as well. When, for example, a new child is 
born into a family, the family average of intelligence necessarily 
decreases and the family conte^ct provides a poorer environment for 
intellectual growth for all tfte non-mature members of the family. The 
confluence model predicts, therefore, a negative relationship between 
number of siblings and intellectual level at maturity. 

The effects on cognitive level of number of siblings vary, however, with 
ordinal position and the spacing of the children. When a child is born 
into a family in which there are already several children, the relative 
decrease in the average level of family intelligence is smaller than when a 
child is born into a family with few children. The age of the siblings is 
also important. If, for example, the siblings of a new-born have already 
reached intellectual maturity the intellectual environment will be more 
favorable than if the siblings are very young. Since the birth-order 
effect is a function both of the number of siblings and the gaps between 
successive children it is quite complex. * A normal pattern would 
however, that btrth order is associated with decreasing intellig^^. 

Zajonc and Markus (1975) obtained quite good agreement between preaictl9|^^^ 
from'the confluence model and empifical findings. It was found, 
, that the model was unable to account for a frequently observed handicap ^r 

single children and last born children. Another parameter was, therefore^ ' 
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introduced in the model, reflecting the positive effects on intellectual 
development of acting as a "teacher" or a "tutor" of younger siblings; 

With this refinement: the model conforms quite well with a rather large set 
of empirical findings (Zajonc, Markus & Markus, 1979) ♦ But there also are 
results which contradict the model. Svanum and Bringle (1980) were unable 
to find the birth-order effect predicted by the model, even though they did 
obtain support for the predicted effecs of family size. Velandia, Grandon 
and Page (1978) tested the model on a large Colombian sample and did not, 
in lower social classes, find the predicted negative relationship between 
number of siblings and intellectual level. In other studies too it has 
been found that the effects of family size vary as a function of social 
class. In all these studies, however, the negative effects of family size 
have been found to be smaller in higher social classes (e.g. Anastasi, 
1956; Marjoribanks, Walberg & Bargen, 1975; Moshinsky, 1939; Page & 
Grandon, 1979). 

Such interactions cannot easily be accounted for within the framework of 
the confluence model, and even though the evidence is conflicting the 
interactions between social class and family size have been found so 
frequently that they are worthy of further study. 

The main purpose of the present study is to study simultaneously the 
effects of family size and social class on ability and achievement, in 
order to test the generality of the confluence model predictions. While 
findings that the effects of family size vary as a function of social class 
do not necessarily imply that the model must be rejected in its entirety, 
they do indicate that modifications may be necessary, or that the boundary 
conditions for the model to apply must be established. 

It may be suspected that one reason why the interaction between social 
class and family size tends to be elusive is that there are methodological 




2 METHOD 



The present investigation is part' of a longitudinal project (the Individual 
Statistics Project) which started in 1961 with the collection of 
information (intelligence tests, achievement tests, social background, 
among other things) on all pupils in Sweden born on ^he 5th,' 15th, and 25th 
of any month in 1948, This information has then annually been supplemented 
with data concerning educational choice and schooJUacRlevement. A detailed 
description of the project is given by Harnqvist and Svensson (1973), 



2,1 Subje^s 



The expected number of pupils in the 10 per cent sample irs 10 413 , 
(Svensson, 1971, p. 43). The number in this investigation is smaller, 
however. The reason for this is that only pupils with complete data haVe 
been used in the study. Table 1 reports how the sample is reduced by 
various types of drop-outs. 



Insert Table 1 about hes^ 




Drop-outs I comprise pupils without scores on intelligence and/or 
achievement tests. In most cases, "absence from school on the day of 
testing accounts for these drop-outs. There is no reason to believe that 
these subjects differed in any important way from the pupils included in 
the investigation. ^ * ' 

Drop-outs II include such pupils as have given inCtMnplete information about 
father's education and occupation. Unlike the -previous group of drop-outs, 
it cannot be assumed that this is random. Most of these pupils gave 
information oB^tle. education of the mother, which suggests that children 
living with mo'fher alone are overrepresented in this group. 

Drop-outs III include the pupils who did not supply any information to the 
project. The cause of this was that, for one reason or another, they had 
not been reported by their schools, and were theref or§.^not registered. 
This group of drop-outs may be smaller or larger depe^ing on errors in the 
assessment of the size of the sample. As in drop-outs I, it is assumed 



that there are ho systematic differences between these drop-outs and the 
investigation group • 



is not available, children from incomplete families are under-represented 
among the pupils in the investigatio This can, however, for the purposes 
of the present study be seen as an advantage since confounding with this 
variable is avoided. Otherwise it is assumed that the investigation group 
comprises a representative sample of all normal-age pupils in Sweden, who 
in the spring term of 1961 were attending grade ' ^ 



2>2 Variables 

Three intelligence tests were included in the original collection of 
information: one test of verbal ability, one of spatial ability and one of 
reasoning ability. The verbal test consists of 40 items in which the task 
is to find the opposite of a given word among four choices. The spatial 
test also consists of 40 items and the task is to find among four choices 
the three-dimensional object that can be made from a flat piece of metal 
with bending lines marked on the drawings. The reasoning test, finally, 
consists of 40 items where the task is to complete a series of 8 numbers, 6 
of which are given. The tests were all constructed for the present 
project. For a fuller description than can be given here the reader is 
referred to Svensson (1964, 1971). 

Since the mid-1940's, standardized achievement tests have been used in 
Sweden to give teachers information on the standard of the class in 
relation to other classes in the country. In 1961, achievement t§sts were 
set in grade 6 in the subjects reading, writing, mathematics and English. 
For a detailed description, see Svensson (1971, pp*50-51). 

About 20 per cent of the subjects in the sample have continued their 
education at the university level. For these students there is information 
on faculty, year of entrance and year of graduation. .This information was 
used to create two dichotomous variables: entered/not entered into highef 
education, and graduated/not graduated. The information on field of study 
was thus left aside. 

The dependent variables in the study thus include the three cognitive 
tests, t\}e four achievement tests, and the two higher education variables. 

As an indicator of the pupils' socioeconomic backgrbund (SES) a joint ^' 
classification of the father's occupation and education was used. A 




whom information on father's education 
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detailed description of the principles of the classification is reported by 
Svensson (1964) • In Anglo-American terminology the groups can be 
characterized in the following way: 

1. Laborers. , . . . ^ 

2. Agricultural except laborers. 

3. White collar, small business, and skilled trades with lower education. 

4. White collar, small business, and skilled trades with education at 
least at the secondary level. * c 

5. Professional and large business. 

i 

In the quantitative analyses the SES variable was coded as is indicated 

« 

above. 

The original collection of data included a questioh about how xaany older 
and younger siblings the pupil had. In these analyses the information 
about birth order has been disregarded. The sibsize variable (SIB)^ was 

oded as the number of chil3ren in the family, except that families with 5' 
or more children were grouped into the same category. Table 2 presents the 
joint distribution of the sample for the SES and SIB variables. 



Insert Table* 2 about here 



The two-child family tends to be the most common one. This holds true in 
all social classes except the one coded 2. In this group, consisting 
mainly of farmers, three children is the typical size of the family. 



2.3, Models of analysis 



Many diffe^rent approaches have been used in investigations of interactions 
between sibsize and social class, ranging from quite unsophisticated 
analyses based on cell means or correlations to complicated regression 
* analyses. The different methods can be assumed to have different power of 
detecting interactions and they can also be assumed to differ with respect; 
to what kinds of interaction effects they can represent. It is likely, 
therefore, that the conflicting pattern of .results mentioned earlier is at 
least partly due to the fact that different methods of analysis have been 
used in the studies. 
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During the last, decade generalized multiple regression analysis, in which 
qualitative variables are-represented as dummy variables, and interactions, 
as cross-products between varialJles, has become increasingly popular 
CWaJberg i_Mar joribanks , 1976). The main advantages of the MR approach are 
that it is versatile^ and powerful, -since no information is lost through 
blocking the variables into few levels. However, the kind of effects which 
may be represented in an MR analysis is completely determined "by what model 
is specified. For example, if the regression on one or more of the 
predictors is curvilinear and no terms to represent curvilinearity have 
been entered into the regression equation the curvilinearity will not b% 
detected in the MR analysis. 

In the analyses to be presented below, comparisons will be made between 
three different methods for analyzing interactions: two MR models, 
differing with respect to the complexity .of effects they can represent, and 
analysis of variance (ANOVA) dn which' there are no restrictions on the 
kinds of effects which may be discovered. 

The LIN model: As was mentioned earlier , interactions between predictors 
can in MR be represented by special independent variables, formed as 
crossproducts between predictors. If there are two independent varlarbles, 
SES and SIB for example, the simplest MR model which may represent an 
interaction between the predictors is, therefore, a model containing three 
predictors: SES, SIB and SES X Sitf. This MR model will be refered to as 
the LIN model. 

The significance' of the least-square estimated regression coefficients can, 
for one or more predictors simultaneously, be tested through comparing one 
model containing all the predictors (the full model) and one model not 
containing the predictors the significance of whicl? is being tested (the 
restricted model). IE the full model is called ^ and the restricted model 
is called w a standard F-test (^cheffg, 1959) is given by;f'^ 



(1) 



df(^^)1l^^e^^>-^^^^^ 



df (w-Q) 



SS W 
e 



where SS and SS (w) ^re the residual sums of squares for the two 
e • e 

models, and df(a)-J2^nd df (fl) are the degrees of freedom for the numerator 
and denominator, respectively. 

While a multiple regression equation in two independent variables can be 
represented ^graphically as a plane in three-dimensional space, the addition 
of a term representing interaction will, if the interaction exists, 
'graphipally result in a surf ace 'where the slope of the regressions for one 
.of the variables varies 'as a function of level on the other variable. It , 



is necessary, hbweyer', that the. slope'' of. the regression on one of the 
predictors varied strictly linearly as^a^ £unction of level on the other 
predictor. \ 

There is reason to ^suspect, however, that*, such a linear interaction is not 
the only possible kind qf interacfic. between SES and SIB« Anastasi 
(1956), for example,, refers to spnie studies in which the highest negative 
correlations between SIB and intelligence were found for intermediate 
levels of SES. There^ is, furthermore, reason to suspect that there are 
curvilinear relations between si^size and ability (Mar joribanks et al. 
1975), which may also l^e predicted from the confluence model. 

Marjoribanks et al. (1973-r cf Mar joribaa^s & Walberg 1973) argued that the 
inverse of sibsize (INSIB) can be used as a derived variable instead of SIB 
in the LIN model to study a hyperbolic relation between family size and 
ability. The rationale behind this suggestion was that as the number of 
children in the family increases the amount of parental attention which 
each child receives decreases in such a way that the decrements in shared 
attention become successively smaller. 

However, the mathematical form of the curvilinear relationship is strictly 
fixed when the INSIB variable is used and unless the functional 
relationship is of the specified kind ,. suboptimal prediction will result. 
From the more elaborate confluence model it follows that the relationship 
between family size and ability is not well represented by the INSIB 
variable. » ^ . r» 

Marjoribanks et al. (1973) compared what is here called the LIN model, 
using SES, INSIB and the product oiE theBe two as predictors, with other, 
more elaborate, MR models containing quadratic variables to represent 
curvilinearity. They found that the LIN model parsimoniously accounted for 
as much variance as the complex many- termed MR models. However, they 
studied a small sample and it may be that the power of the analysis was not 
sufficient to detect even rather gross deviations in the data from Xhe LIl5 
model. 

It can be observe^, for example, that in one analysis, using verbal ability 
as the dependent variable, Marjoribanks et al, (1975, pp. 111-112) found 
the highest p^dicted scores for the one-child family at the lowest 
occupational level. However, for all the smaller Sibsizes th§re were 
higher predicted than observed scores for the lowest SES level. This is an 
indication that the model used only poorly represented the effects in the 
sample. a • 

The CI)RVE model: Another approach to study Curvilinear relations is to add 
quadratic terms to the regression equation. Since the regression * * 
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coefficients are estimated from data a wider range of hyperbolic 
relationships can be represented than if a derived variable such as INSIB 
is used. A regression equation taking into accout possible curvilinear 
regressions on the two variables SES and SIB, as well as the interaction, 
would thus include the predictors SES, SIB, SES^, SIB^ and SES X 
SIB. This MR model will be called t^e CURVE model. 

Using the standard F-test presented in (1) it can be tested whether the two 
quadratic terms mean an improvement of prediction ,as compared with the LIN 
■model and the significance of each coefficient of regression can be tested. 

With the CURVE model it should be possible to represent quite complicated 
regression surfaces. However, still the model induces constraints on the 
data and there may of course be effects which are impossible to represent 
even with this model. In principle it is possible to approximate any 
relationship through adding to the regression equation polynomial and 
crossproduct terms of higher and higher orders, thus less and less 
constraining the possible relationships between the variables. It is, 
however, in principle possible to formulate an infinite number of 
regression models and the MR models themselves give no indication when to 
stop adding terms* 

There is, thus, a need for an approacl\ imposing no constraints at all a§ to 
what effects can be represented, which could be used to assess the maximum 
amount of variance possible to explain in even the most elaborate model. 

ANOVA; The analysis of variance (ANOVA) has the advantage that it is not 
necessary to specify in advance the nature of the main effects and the 
interaction effects; any effect can be represented. Thus, whe;i there are 
only few levels on- each factor and/or the sample is large., ANOVA may be 
used to^ as^ss "tl^e \aximum amount,. of vari^jicjB^.which^may^be 4)rediQteijt.._ „ 

As has been pointed out by Cohen (1968), ^mong others, there is a close 
similarity between MR and ANOVA; both are built on the same general linear 
model. Consider for example the case when one-way ANOVA is usually 

applied, i.e. when there is one independent variable with two or more 

* 2 
levels. The correlation ratio, or eta-square (E ), which In ANOVA is 

defined as the betweeA groups sums of squares (SS ) divided with the total 

b 

sums of squares (SS ), amounts to the same numerical values as the squared 
multiple correlation (R^) which would be obtained if group membership 
was coded with dummy variables and an MR analysis was performed (Cohen, 
1968;yKerlinger & Pedhazur, 1973). This generalizes to two-way ANOVA as 
well /since the unpartioned SS is the same as that which would be obtained 

4 / / 4 ^ ' 

in a/ one-way analysis. 




It is thus possible to express on the same scale, in terms of R , the ^ 

amount of variance explained in these different methods of analysis. 

Within the MR framework it is always possible to test for significance the 
2 

increase in R obtained through adding one or more variables to the 
regression equation. Although it may be doubtful, the same method for 
testing signif ica,nce''will be used ac.oss methods, using ANOVA as the full 
model and entering the appropriate df's-and SS ^s into (1). The reason why 
this method may be doubtful is of course that in this case it is not tested 
whether nested models explain different amounts of variance, but rather • 
whether one set of predictors (group membership in ANOVA) 'explains more 
variance than another set of predictors (the independent variables in MR). 
Nevertheless, this method of significance testing should give a rough 
indication whether the additional degrees of freedom spent in ANOVA 
represent any improvement in comparison with the fev degrees of freedom 
spent in MR. 

The reasoning above applies to one-way as well as factorial ANOVA since no 
partitioning of the SS^ takes place. When testing the main effect and the 
interaction such partitioning is of course ne.ce_ssary. and when „cell sizes , 
are unequal it is problematic. However, in the present analyses the tests 
of the main effects in ANOVA are of little interest and the test of the 
interaction in a two-way analysis is exact even when cell sizes are 
unequal. © 

In a first step analyses will be presented under each of the three models # 
(LIN, CURVE, ANOVA) and the results will be compared with respect to two 
aspects: (1) the amount of variance explained; and (2) the probability 
value (p-value) for the test of the hypothesis that the interaction between 
SES and SIB i$ zero. If the effects are such that they can be adequately 
represented with the more constrained LIN and CURVE^ models, smaller * 
p^alues are expe<rted under these models Ifian under ANOV^ but if there are 
more complicated effects which the more constrained models cannot capture 
there may be smaller p-values for the interaction in ANOVA. 

Models for higher-order interactions: These analyses will thus encompass 
the two independent variables SES and S^IB. It is conceivable, however, 
that there are higher order interactions involving other variables as well. 
A possible candidate for such a variable is sex (SEX), 6ven though findings 
involving interactions with this variable and the others have been scarce 
(e.g. Anastasi , 1956) . 

Under both the MR and the ANOVA approaches it is quite simple, however, to 
investigate the presence of interactions involving more than two variables. 
Under ANOVA a thr^e-way analysis is of course carried out, and under MR a 
host of different models involving the three variables and their 
interactions can be specified. As was mentiohed earlier it is possible to 



ERIC 



9 • 12 



0 



include in the regression eqixation also dichotomous independent variables 
such*as SEX, through coding them as dummy variables. If the CURVE model is 
ext.ended to take into account the SEX variable there will be 11 predictors: 
S€s" SIB, -SEX, SES^,.SIB^, SES X SIB*, SES X SEX, SIB X SEX, SEX X 
SES , SEX X SIB^ and SES X SEX X SIB, Such a tiiodel would allow the 
regression'surface specified i;fiaer/<:*Tr CURVE model to"%e different in every 
possible respect for the two sexesv 

C'omparlsons will be made of the results obtained under this model with the 
results obtained under a three-way ANOVA, with the' same purpose as in the 
other Comparisons between different models of analysis, and of course also 
wij5:^'the purpose to see whether there are any interactions of a higher 
order involving sex and the o^her variables • 



I t 



\ 
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3 RESULTS 



The results of the study will be presented in three steps. First 
comparisons will be made between the LIN, CURVE and AHOVA models. Then 
higher-order interactions with SEX will be studied and in the last step 
closer descriptions oft the effects found in the other two steps will be 
made. v 



3.1 Model comparisons 



Table 3 presents the multiple correlations achieved under each of the LIN, 
CURVE and ANOVA models, F-ratios for the increase in amount of variance 
explained under each less constrained model, and p^values for the test of 
significance of interaction under each model. 



Insert ^able 3 about here 



It is in all cases found that the CURVE model accounts for significantly 
more variance than the LIN model. This implies that for all the dependent 
variables the regression on one o^ both of the SES and SIB predictors is 
curvilinear. It can be observed, however, that the curvilinearity is 
differently pronounced for the dependent variables since there is a great 
variation in the level of the F-ratios. 

When ANOVA and CURVE are compared it is, for the dependent variables verbal 
ability, writing, English and mathematics, found that ANOVA account for 
significantly more variance than does the CURVE model. This indicates that 
for these dependent variables there are more complicated effects of SES and 
SIB than can be accounted for even with the quite elaborate CURVE model. 

The p-values for the test of the interaction effect tend to be lowest for 
the LIN model; this holds. true for all comparisons between the LIN and 
CURVE models and for most of the comparisons between the LIN and ANOVA 
models. The reason why LIN appears to give a more powerful test of the 
hypothesis of interaction than CURVE is that the , quadratic terms in the 
CURVE model account for some of the variance accounted for by the 
cross-product term in LIN. 




With re&pe.ct to verbal ability and mathematics achievement ,lower p-values 
are .found for ANOVA than for LIN* Obviously there are cases when ANOVA may 
giya a more powerful test of interaction^ effects than MR— It can also be 
noted for both these dependent variables ANOVA is fojund to account for more, 
variance than the MR models. ' • ■ 

In conclusion, the model comparisons have shown that there is a tendency 
that the more constrained is the model, the more powerful is the test of 
interaction. But this only holds true ^s long as the model is able to 
represent the effects accurately; when there are more complicated effects 
the completely unconstrained ANOVA may be the more powerful one. 



3.2 Interactions with SEX 



The F-ratios pertaining to the first- and second-order interactions 
involving SEX in three-way ANOVA analyses and the CURVE model are presented 
in Table 4. There is only one significant interaction. 

J 

^' Insert Table 4 about here 



In ANOVA a significant three-way interaction is found with respect to 
spatial ability, while with respect to this dependent variable all the 
tests of interaction in the MR analysis fall short of significance. 

The analyses of the SEX variable thus show that interactions with this 
variable and SES and SIB are inf^quent, which has also been found in other 
studies. However, when in the next step a closer analysis is made of the 
pattern of results it will be necessary to take into account the three-way 
interaction found with respect to spatial ability. 



3.3 Descriptions of the pattern of results 

The analysis so far has revealed that the LIN model in all cases represents 
the data more poorly than doesythe CURVE model, that ANOVA is in ^ome cases 
superior to the CURVE model, and finally that for one of the dependent 
variables it is necessary to consider SEX as a qualifying variable. 



In the closer analysis of the resulta we will concentrate on the results 
obtained under the CURVE model, without considering SEX, and will invoke 
the results obtained under the. less constrained ANOVA models when this is 
indicated,. 

Table 5 presents the standardized regression coefficients in the CURVE 
model, along with tests of significance of each coefficient. 



Insert Table 5 about here 



There are highly significant main effects for SES with respect to all the 
dependent variables. The effects are weaker, however, with respect to the 
tests measuring spatial and reasoning ability. The pattern of results 
found for the SES variable thus clogely parallels what has been found in, 
numereous other studies: social class is more related to school 
achievement, and to verbal ability than it is to non-verbal ability. 




The main effects found for SIB tend to resemble those found for SES in that 
the strongest effects are found with respect to the test of verbal abiSHty. 
and with respect to the school achievement variables, with the exception of 
mathematics. With respect to the non-verbal variables no linear effect at 
all is found. This finding too parallels what has been found in some other 
studjles. 

The comparisons between the LIN and CURVE liaodels indicated that there were 
curvilinearities present in the data, bu<^not whether this was the case for 
one^or both of the predictors. The tests of significance of the quadratic 
terms in the regression show that there tends to be curvilinearity with 
respect to both SES and SIB but also that the curvilinearity is more 
pronounced for SES , and that the two predictors tend to show curvilinearity 
for different dependent variables. 

For SES a highly significant curvilinearity is found with respect to the 
verbally loaded dependent variables, and it will be recalled that strong 
linear relationships were also found between these and SES. The 
curvilinearity found on SES implies in this case that the regression is a 
positively accelerated function, i.e. for each level on the SES variable 
the regression is getting steeper. 

For SIB the non-verbally loaded variables spatial ability, reasoning 
ability and mathematics achievement show curvilinearity along with English 
achievemerit . There is thus a clear tendency towards curvilinearity for 

those dependent variables for which no linear effect of SIB was found. The 

_ 2 * 
coefficient for the SIB variable is throughout negative which here 
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implies that the highest scores are^ found, for an intermediate number of 
siblings. 

The interaction between SES and SIB is significant or nearly significant 
for most dependent variables, the only clear exception being' 
Opposites. For the other variables ffects of roughly, the sam^ size are 
found, and the coefficient for the cross-product term is throughout 
positive. Descriptively the interaction effect conforms to the pattern 
expected: The regression on SIB is more negative for lower levels of SES 
than it is for higher levels of SES. 



Before going any further into analyses of complications found in the ANOVA 
analyses it may be worthwhile to summarize the results: 

- The effects of SES are strongest with respect to verbal ability and the 
school achievement variables and for all the verbally loaded variables 
there are curvilinearities which imply that the effects of SES ark 
stronger than can be captured in a linear regression. ^^y^ 

- The SIB variable is linearly, and negatively, related to the verbally 
loaded variables and curvilinearily related to the non-verbal variables 
in such a way that the highest scores on these dependent variables are 
obtained for the intermediate levels of SIB. 



- For most of the dependent variables there is a weak interaction between 
SES and SIB such that the regressioa on SIB within lower levels of SES is 
more negative than within higher levels of SES. 

It will be recalled that ANOVA for verbal ability, writing, English, and 
mathematics accounted for significantly more variance than did the CURVE 
model. In order to get a more clear picture of the differences between the 
models the differences between predicted scores under the CURVE model and 
the cell means are, for the writing variable, presented in Table 6. Most of 
the large residuals are found for the two highest levels of SES, and the 
reason for this is that at those levels the cell means exhibit a rather 
irregular pattern which the CURVE model is not able to represent* The 
highest observed mean on writing is for the highest level on SES found with 
a sibsize of 3, for a sibsize of 4 there is a drop in the mean, and then at 
the highest level on SIB an increase* For level 4 on SES the highest means 
are found for sibsizes 1 and 4. 



Insert Table 6 about here 
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^ Even though the ANOVA model through tal|:ing into account such irregularities 
^ accounts for more variance than the CUfeVE model it appears quite difficult 
to see any meaningful pattern in them* 

For; the other two verbally loaded. variables for which ANOVA was fouad to 
account for more variance a very siiLllar pattern of differences as for 
writing was found. One should hesit'ate, however, to take this fact as an 
, indicatioh that the irregularities are interpretable since all these 
variables are highly intercor related. 

In conclusion the analysis of .the differences between the ANOVA and CURVE 
models has shown that even though ANOVA j.n some cases is able to identify 
more complicated effects these are in this case so complex as being 
uninterpre table. 

It will be recalled that a significant three-way interaction was found in 
ANOVA between SES, SIB and SEX with respect to spatial ability. 
Descripively the following pattern of results was found: For the highest 
levels of SES there were for sibsizes 1, 2 .and 3 particularly large 
differences in favor of 'the boys while at the same time for the highest 
level on SIB there were no consistent differences in favor of the boys. 
This finding appears quite regular and it will be taken up to closer 
scrutiny in the discussion. 

Before doing so, however, the results for the two variables related to 
higher education will be presented. Since these variables are dichotomous 
they do not fulfill the scale assumptions underlying the methods of 
analysis being compared and they have therefore been left aside, ^ven 
though methods are beginning to evolve for the analysis of dichotomous 
dependent variables, we will here just treat the results for the two higher 
education variables descriptively. ^ 

\ 

The proportions of the sample entering into higher education are for each 
of the combinations of levels on SES anci SIB shown in Table 7. Also given 
is the conditional proportion, given entry to higher education, who have 
taken an exam before 1975. For the three lowest levels on SES there is a 
continuous drop in the probability of entering higher .education as a 
function of sibsize. This is not the case for the two highest levels on 
SES; for level 4 the highest proportions are observed for the smallest and 
largest sibsizes, and for the highest social class the highest proportion 
is observed for a sibsize of 4. Tl)ere is thus for this variable an 
interaction between SES and SIB of the same type as was observed for the 
other dependent variables, even though it appears to be stronger. 

__ 

Insert Table .7 about here 
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For the exam variable even more drastic effects are observed. For the 
lower levels of SES the conditional probability of taking an exam is 
negatively related to sibsizer for the higher levels, and particularly for 
level 4, it is positively related to sibsize. 
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4 DISCUSSIONS AND CONCLUSIONS 



The purposes of the present study are to investigate whether there is an 
interaction between social class and family size with respect to 
intellectual achievement, and to investigate techniques for studying such 
interactions. It may be concluded that for most outcomes studied there is 
an interaction, and it may also be concluded that it matters profoundly 
which technique is chosen to investigate interactions. These results, and 
others, are discussed below, and we will start with some comments related 
to the technical questions. " 

The importance of the question of choice of analytical technique is 
illustrated by the fact that with respect to the ability tests the 
different models resulted in different conclusions: under ANOVA no 
. int£j:!iiction was found between social class and sibsize, but the regression 
analyses afforded the conclusion that there is an interaction with respect 
to non-verbal ability. The reason for this divergence of results is, that 
for these outcomes the CURVE model explained as much variance as ANOVA did 
but since ANOVA consumes more degrees of freedom power is lower in this 
type of analysis. 

It was also argued that ANOVA may be used as a technique to determine 
whether a regression model includes enough terms to account for the effect 
in the data. In some cases it was found that ANOVA accounted for 
significantly more variance than did the CURVE model, and in those cases 
the p-value for the interaction under ANOVA feended to achieve the same 
level as the p-value for interaction in the MR-models. Thus, support was 
also obtained for the conjecture that when a model is too const^^ned to 
represent the effects in the data, a more elaborate model may p^Bi^e 
greater power. However, the conclusion also had to be drawn that even 
though these more complicated effects were significant, they were so 
complex as to be uninterpBetable. 

The interpretation of results will, therefore, be based on the results 
obtained under the CURVE model, which in all cases proved to be a better 
model than the LIN model. In the discussion effects associated with each 
independent will first be taken up, and then the "interaction effects will 
be scrutinized. 



With respect to social class- strong main effects were found, which effects 
were stronger with respect to school achievement and verbal ability, than 
with respect to non-verbal ability. These results fit intfo a firmly* 



established pattern of findings. However, it was also found that 
especially for the verbally loaded outcomes (verbal ability, reading, 
writing, and English) there was a curvilinear component to the regression, 
such that the regression function was a positively accelerated curve. This 
thus implies that the effect of social class was stronger than can be 
captured by a linear regression, and that higher social classes tended to 
have even more of an advantage than would be revealed by a simple linear 
analysis. ^ 

One partial explanation for this finding may be the fact that the social 
class variable used here reflects both educational level and occupational 
status. The three lowest levels are, roughly, at the same educational 
level, while the two highest levels on the social class variable reflect 
increasing educatio-nal levels • Since the^p^r^nts'^ level of attained 
education is likely to be a stronger determiner of the childrens'^ verbal 
achievements than occupation, this may account for the curW>linearities 
found. Whether this explanation is true or not, it is recommejjded that in 
further research not only linear regressions of intellectual achievement on 
social class are considered, but also curvilinear regressions. 

The sibsize variable was found to be linearly, and negatively, related to 
the verbally loaded outcome variables. This result conforms to what has 
been found in numerous other studies, and of course also to what would be 
predicted from the confluence model. However, no linear effect of sibsize 
was associated with the non-verbal tests of ability or with mathematics 
achievement. With respect to these outcomes curvilinear effects of sibsize 
were instead found, such that the highest scores were obtained for an 
intermediate ^number of siblings, and lower scores for few and many 
siblings, 

0 

One way these findings can be reconciled with the confluence model is to 
invoke the special handicap hypothesized by Zajonc and Markus (1975^ to 
fall upon the last born and the single child. It will be remembered that 
they had to inplude in the model a parameter to represent the case when a 
child is depHved of the possibility to act as a "teacher" for younger 
siblings* If it is assumed that the beneficial effects of such teaching is 
greater with respect JtdlJ non-verbal than with respect to verbal ability, 
this could explain the pirvilin^jl^ relation. Such an assumption may not be 
too far-fetched: It does seem mo%e likely that a child teaches a younger 
sibling manipulatory skills than vocabulary, while the greater amount of 
t>arental attention that can be afforded a single child is likely to affect 
above all vocabulary. It can also be noted that the empirical results 
which forced Zajonc and Markus to modify t^e confluence model came from a 
study using the non-verbal Raven test as an index of intellectual lev^l-. 
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If this interpretation is correct it does, siip(>ort the modified confluence 
model, but it.also carries ifliplication that different "teaching" 
parameters have. to be assumed for different areas of intellectual 
achievement • , > « ^ - • 

With respect to all putcdme variable^, except'^for the test of verbal 
ability, the. hypothesized injteractlon between social class and family size 
was found. The fact that no interaction was found with respect to the 
vocabulary test was above all ^ue to the fact that the effects were more 
complicated than could be captured with the CURVE model, and should, 
therefore, not be giv,en too much weight. 



With respect to all outcomes the interaction was such' that in higher social 
classes sibsizfe had a. smaller negative effect than in lower social classes. 
The interactioTjs were quite weak and even in^this qutfce large sample the 
test statistics reached just beyoijd the 'critical values. However, the 
regularity of - the findings, a^id the fact that the results conform to what ^ 
has been.'found ,in several other studies makes it worthwhile to discuss 
implications for the confluence model of the interactions. 

Page and,Grajidon (1979) rejected, on the basis of findings similar to those 
-reported here, the confluence model altogether. They argued instead in 
favor of an "admixture" theory to account for the family size and birth 
order effects. The admixture theory implies that the family size findings 
are accounted for in tefms of between-family differences" rather than as 
within-family effects; in particular Page 'and Gordon argued that different 
distributions of family sizes over social classes make social class 
differences appear as family size effects. 

However, the admixture theory does not seem ;to be able to account for the 
findings in the present study. For one thing there are no important 
differences in the distribution of family sizes over social classes in the 
present data (see Table 2); for another the admixture theory fails to 
account for the negative cotrelation between number of siblings and 
intellectual level within lower social classes. Instead of rejecting 'the 
confluence model in its entirety it may, therefore, be better to discuss 
limits to the applicability of the model. 

One hypothesis to account for the lack of adversive effects of family size 
in higher social classes may be that the intellectual environment is 
stimulating enough to overcome the decrement in intellectual stimulation 
caused by a large number of siblings. But this explanation implies an 
assumption that once the intellectual stimulation'has reached a certain 
level, an Increase beyond this levgl does not have any effect on cognitive 
growth. However, it seems unlikely that even the best currently existing 
environment could not ,be improved, so this hypothesis does not sdem 
tenable. 
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Another possibility may be that the confluence model with a different 
degree of accuracy mirrors the socialization practices in different social 
classes • Only processes within the family context are, of course, 
jjepresented in the model, and to the extent thafc intellectual growth 
receives impetus from other contexts the explanatory power of the model is 
reduced. 

f ■ — 

I t could be that parents in higher social classes spend more time with the 
family, thereby compensating to some degree for the diluted intellectual 
environment caused by the children. However, this hypothesis has little 
foundation in empirical results. Andersson (1979), for example, found that 
during weekdays the amount of interaction between parents and children 
tends to be lower in. higher than in lower social classes • 

» 

Another, and perhaps more litkely explBTiat±on7^^'^hair"XlTe ain^^ ^ 
quality of interaction with other adults differs between social classes. 
Other persons, such as nurse-maids, piano-teachers and private tutors, just 
to mention a few examples, can be hired and it is very reasonable to assume 
that the larger the family, the larger is the difference in favor of higher 
social classes when it comes to the possibility of using such extra persons 
in the socialiration of the children. Furthermore, it^ is well known that 
school plays aS^ore important part in higher social classes than in lower 
social classes: Well educated parents take a greater interest t^ieir 
childrens' school work, have higher expectations on performance, and 
provide more control over school-work (e.g. Andersson, 1979). While in a 
large family the amount of direct help that can be given each child is 
likely to be lower than in a small family, the same expectati^s on 
achievement can be upheld for every child. School may, therefore, be of 
greater relative importance for cognitive growth for the children in a 
large family in higher social classes than for the children in a large 
family in lower social classes. 

The explanation which is suggested here for the lower explanatory power of 
the confluence model in higher* social classes is thus that other adults and 
other socializing agencies such as the school are more important relative 
to the family *than in lower social classes, thereby to some extent 
offsetting the effects of the mutual intellectual influences in the family 
context. This explanation is, of course, highly tentative, but it should 
be possible to subject it to empirical tests. 

It will be remembered that with respect to the variables reflecting entry 
into and graduation from higher education there were in higher social 
classes a tendency towards a positive relationship with sibsize, while in 
lower social classes there was a strong negative relationship with sibsize. 
While the genei^al pattern of these results conforms with what was found for 
the other outcomes, it can be noted that such a positive relationship is 
inconsistent with the confluence model. 
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One mechanism which could account for the tendency towards a positive 
relationship between sibsize and the probability of graduating from higher 
education is that older siblings may set examples for younger siblings, and ^ 
may be able to provide much concrete information concerning the process of 
higher education. Thus, if an older sibling goes into higher education 
this may cause an increase of the pr'^bability for the younger siblings to 
graduate as well. 

Such a mechanism of propagation of probabilities may nevercome into 
operation in lower social classes because scarceness of economic resource^^ 
^make it impossible for a large family of lower social classes to support 
iiigher education for more than one or two of the children. Since the 
"economic environment" should follow much the same confluence pattern as 
the intellectu al environment, the effects of limited economic resource's 
should work in addition to the effects predicted from the confluence model, 
thereby strengthening the negative effects, in this particular respect, of 
bei;ig born into a large family. 

It would seem, therefore, that the results obtained with respect to the 
higher education variables are only partly predictable from the confluence 
model: To account for the full strength of the negative relationship 
betweep^-s^rbsize and higher education in lower social classes it is probably 
also mecessar^NtrS^nvoke economic factors, and to account for the positive 
relationship found in higher social classes it is necessary to invoke a 
mechanism like the one suggested in terms of propagation of probabilities. 

Only in one case was a higheij-order interaction with sex found, and this 
lack of moderating relationships of the sex variable conforms to findings 
in other studies. The one exception was with respect to the outcome 
spatial ability, for which a three-way interaction was found. The 
interaction was mainly caused by there in the highest social class for the 
smaller sibsizes being a particularly large differences in favor of boys. 

Harnqvist and Stable (1977). found in an ecological analysis of test score 
changes over time that the sex difference on this test diminished as a 
function of equality of treatment of boys and girls in the educational 
system. Assuming that a large number of siblings reduces the effect of 
differential socialization practices, this might suggest a more sex-typed 
pattern of socialization in the highest social class. This conjecture is 
highly tentative, however, and for lack of suitable data it cannot be 
directly tested here. 
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Table 1. Drop-outs and cases remaining 


for analysis. 








• 




Number 


Per cent 


- 




Expected total 




10413 


100.0 






Drop-outs I: Pupil data not available 




1549 


14.9 






Drop-outs II: Background' data not available 


454 


4.4 






'/Drop-outs III: Not on record 




122 


1.2 






Casps rf^mainlng for— analysis 




— 


7*^4 
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Table 2. Joint distribution of the sample" on the 


levels of 


the SESand 


• 




SIB variables. 
















/ 








SES 


. / 










SIB 1 2 3 




5 


Total 






> 

I 705 93 377 


159 / 


ft A 


1398 






2 1329 274 689 


369 / 


151 


2812 






3 1031 315 417 


217/ , 


136 


2116 






4 510. 194 194 


11 


51 


1026 ' 






5 519 226 115 


40 


36 


936 






Total 4094 1102 1792 


/862 


438 


8288 


•> 




V / 

0 / 










■ ■ 


* / 




• 
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Table 3. Multiple correlations and p-values for interaction between 

sibsize and social class under three different mode!^s of anaj-ysis. 



Multiple correlation 

Dependent 

variable LIN CURVE ANOVA 



F-ratio „^ 
J) .2) 



P-value 

CURVE' ' ANOVA 
vs LIN vs CURVE LIN CURVE ANOVA 



Ability 
tests: 

Verbal .282 
Spatial .167 



Reasoning .190 



.287 
.173 



,194 



,301 
,175 



,200 



11.81^ 
8.68' 



6.43 



3.^1 
.31 



1.03 



.272 
.006 



.001 



.400 
.016 



.060 
.405 



.002 .131 



Achievement : 

Reading .307 .312 .317 
Writing .246 .253 .278 
English .292 .303 .321 
Mathe- 
matics .248 .253 • .268 



15.32^ 
15.87 



10.65 



1.55^ 
6.20 



30.69 5.39 



3.64 



.001 
.004 
•.004 

.001 



.003 .003 
.012 .026 
.016 .049 



.004 



.000 



-Wl F ^^(2,8280)=4.60 
2 F*^^(19,8263)=1.90 



Table 4. F-ratios for tests of interaction with SEX* under the CURVE and 
ANOVA models. 



CURVE ANOVA 

SEX X SEX X ^ 

Overall SES SIB SES^ SIB^ S^XSIB SES sfs SESXSIB 



Ability: 



OpposlCes 


1.54 


1.11 .44 


1.05 


1.25 


.58 


2.44 


.58 


1.23 


Metal Folding 


2.14 


.18 2.85 


.08 


2.05 


2.22 


1.43 


2.31 


2.06 


Number series 


.75 


1.22 .25 


2.36.. 


.1.32 


.07 


3.04 


1.35 


1.13 


Achievement: 


















Reading 


.90 


.16''1.36 


.11. 


.4.07 


.28 


3.13 


2.51 


1.13 


Writing 


.67 


.53 .06 


.6? 


2.49 


.01 


1.48 


1.63 


.95 


^ Mathematics 


.?9 


.29 .27 


1.09 


1.51 


.05 


1.16 


3.23 


.75 


Critical 


















values (1%) 


3.02 


6.64, 6.64 


6.64 


6.64 


6.64 


3.32 


3.32 • 


1.87 



Table 5» Standardized regression coefficients and tests of significance 



of the 


terms in the 


CURVE 


model 
















SES 


SIB 




SES 


2 


sib'' 




SOCXSIB 


b 


F 


b 


F 


b 


F 


b 


F 


b 


F 


Ability: 




* 




* 










.009 


.7 


Opiposites 


.206 


213.1 


-.106 


84.5 


.064 




.017 


2.1 


Metal folding 


.128 


* 

78.3 


-.017 


2.1 


.046 


10.0 


-.032 


7.0* 
* 


.026 


5.8 
* 


Number series 


.167 


134.1* 


-.010 


.7 


.023 


2.7 


-.037 


9.9 


.034 


9.5 


Achievement: 












* 










Reading 


.227 


263.2* 


-.103 


80.6* 
* 


.069 


25.0 
* 


-.027 


5.4 


.032 


9.2* 


Writing 


.180 


159.9 


-.057 


24.3 


.074 


27.0 


-.024 


4.3 


.027 


6,4 


Mathematics 


.216 


230.0* 


-.027 


5.3 


.032 




-.046 


15.5*- 
* 


.031 


8.2* 


English 


.202 


207.4 


-.076 


* 

44.3 

• 


.099 


50.0 


-.038 


10.9 


.026 


5.8 



Note: * indicated. significance at the 1 per cent level (critical va^-. . b.64) 
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Table 6. Differences between predicted scores under the CURVE model 
and cell means for the writing achievement variable. 



SES 

SIB 1 2-3 4 5 



1 


.06 


.11 


-.14 


-1.13 


1.31 


2 


-.24 


1.21 


-.20 


-.60 


1^38 


3 


.34 


-.48 


.68 


.29 


-.97 


4 


-.71 


-1.03 


-.01 


-1.63 


1.56 


5 


-.01 


1.13 


.10 


-1.16 


-.98 




Table 7. Proportions entering (E^) into higher education within the 
levels on SES and SIB>.aiid proportions there of having taken 
an exam (EX)» 



SES 

1 2 3 4 5 



IB 


ENT 


EX 


ENT 


EX 


■ ENT 


EX 


ENT 


EX 


ENT 


EX 


1 


.16 


.35 


.18 


.53 


^28 


'i46 


.55 


.37 


.63 


.57 


2 


.14 


.39 


.16 


.57 


:29 


.43 


.48 


.42 


.59 


.40 


3 


.12 


.41 


.17 


.44 


.24 


.41 


.49 


.37 


.68 


.51 


4 


.10 


.36 


.15' 


.35 


.21 


.40 


.42 


.59 


.73 


.57 


5 


.06 


.21 


.08 




.16 


.39 


.53 


.72 


.56 


.60 



REFERENCES 

Anastasi, A. Intelligence and family size. Psychological Bulletin ^ 1956, 
"53, 187-209, 

Andersson, I, Tankestilar och hemmlljo , (Styles of thought and home 

environment). Goteborg: Acta Universitatis Gothoburgensis, 1979, 
Cohen, J. Multiple regression as a general data-analytic system. 

Psychological Bulletin , 1968, ^O* ^26-443, 
Eysenck, H,J,, & Cookson, D« Personality in primary school children: 3 — 

Family background. British Journal of Educational Psychology , 1970, 40, 

117-131. 

Harnqvist, K., & Svensson, A. A Swedish data bank 'for studies of 

educational achievement. Sociological Micro journal , 1973, 7^, 35-42. 
Harnqvist, K., & Stable, G. An ecological analysis of test score changes 

over time. Reports from the Institue of Education, University of 

Goteborg, no, 64, 1977, 
Kerlinger, F.N,, & Pedhazur, E,J, Multiple regression in behavioral 

research . New York: Holt, Rinehart and Winston, 1973. 
Marjoribanks, K. , & Walberg, H.J. Family environment: Sibling 

constellation and social class correlates. Journal of Biosocial 

Science , 1975, 7, 15-25, 
Marjoribanks, K. , Walberg, H.J., & Bargen, M. Mental abilities: Sibling 

constellations and social class effects, British Journal of ^Social and 

Clinical Psychology , 1975, 14, 109-116. 
Moshinsky, P. The correlation between fertility and intelligence within 

social classes. Sociological Review , 1939, 2L> ^^^"165, 
Nisbet, J, Family environment and intelligence. Eugenics Review , 1953, 

45, 31-42. 

Page, E.B,, & Grandon, G,M, Family configuration and mental ability: Two 
theories contrasted with U.S, data, American Research Journal , 1979, 
16, 257-272, 

Scheffe, H, T he analysis of variance. New York: Wiley, 1959* 

Svanum, S,, & Bringle, R.G. Evaluation of confluence model variables in IQ 

and achievement test scores in a sample of 6- to 11-year-old children* 

Journal of Educational Psychology , 1980, 72^, 427-436. 
.Svensson, A. Sociala och regionala* faktorers samband med over- och 

underprestation i skc?larbetet. (The relation of social and regional 

factors to over- and undei?achievement). Rapporter fran Pedagogiska 

institutionen, Goteborgs univ'^rstfet , nr 13, 1964. 
Svensson, A. Relative achievement* School performance in relation to 

intelligence, sex and home environment* Stockholm: Almqvist & Wiksell, 

Walberg, H.J., & Marjoribanks, K. Family enviroynent and cognitive 

development: Twelwe analytic models. Review of Educational Research , 
1976, 46, 527-551* 

Velandia, W. , Grandon, G.M., £c»Page, E.B. Family size, birth order, and 
intelligence in a large South American sample* American Educational, 
Research Journal , 1978, 15, 399-416. 



Zajonc, R.B., & Markus, G.B. Birth order and intellectual development. 

Psychological Review, 1975 > 87, 74-88. 
Zajonc, R.B., Markus, H. , & Markus, G.B. The birth order puzzle. Journal 

of Personality and Social Psychology , 1979, 37_, 1325-1341. 



ERIC 



27 



Reports from THE DEPARTMENT OF EDUCATION UNIVERSITY OF 
GQTEBORG 



1980:01 Johansson, Britt: Need' of knowledge in nursing 
and demand for knowledge in nursing education. 
July 1980 

1980:02 Dahlgren, Lars-Owe och Franke-Wikberg, Sigbrit: 
Social Structure of Society through the Eyes of 
University Students. October 1980 



1981:01 Svensson, Lennart: The concept of study skill (s). 

Paper presented at the Sixth International Con- 
ference on Improving University Teaching. 
Lausanne, Switzerland, July 9-12, 1980. March 
1981 

1981:02 Gustafsson, Jan-Eric: An introduction to Rasch's 
measurement model. March 1981 

1981:03 Alexandersson, Claes: Amadeo Giorgis empirical 
phenomenology. March 1981 

1981:04 Asberg, Rodney: How to understand cognitive diffe- 
rences from a cross-cultural perspective? August 
1981 

1981:05 Reuterberg, Sven-Eric och Svensson, Allan^: Finan- 
cial aid and class bias in higher education. Octo- 
ber 1981 ^ 

19 81:06 Gustafsson, Jan-Eric, Lindstrom, Berner & Bjorck- 
Akesson, Eva: A general model for the organiza- 
tion of cognitive abilities. December 1981 



1982:01 Englund, Tomas & Svingby, Gunilla: Scientif ication 
of teaching - a concept to be questioned. February 
1 982 . 

1982:02 Dahlgren, Lars-Owe: Higher education - Impact on 
students. June 1982 

1982:03 Gustafsson, Jan-Eric: New models of the structure 
of intellectual abilities: Implications for test- 
ing and teaching practice. October 1982. 

1982:04 BjSrck-Akesson, Eva: Development of a sensation- 
seeking scale for preadolescent children. November 
1982 

1982:05 Gustafsson, Jan-Eric. & Svensson, Allah: Family 

size, social- class, intelligence and achievement: 
A stu dy of dLii terac t i 'on^T--Dex::einbBr--1^B^ 



